In the light of the topical nature of 'bananas and petrol' being blamed for driving much of the inflationary pressures in Australia during 2006, the 'headline' and 'underlying' rates of inflation are scrutinised in terms of forecasting accuracy. A general structural time-series modelling strategy is then employed to estimate models for both types of Consumer Price Index (CPI) measures. From this, out-of-sample forecasts are generated from the various models. The underlying forecasts are subsequently adjusted to facilitate comparison to the headline forecasts. Having completed that, the Ashley, Granger and Schmalensee (1980) AGS test is performed to find out if there is a statistically significant difference between the root mean square errors (RMSEs) of the two models. The results lend weight to the recent findings of Song (2005), insofar that forecasting models using underlying rates are not systematically inferior to those based on the headline rate of inflation. In fact, strong evidence is found that underlying measures produce superior forecasts.
Introduction
In recent years, the move towards inflation targeting by central banks of numerous countries has meant that the inflation rate is watched much more closely by those relevant central banks, the Reserve Bank of Australia (RBA) among them. In their attempts to maintain the inflation rate within their desired bank of between 2 and 3 per cent per annum, they are well aware of the vagaries of the benchmark Consumer Price Index (CPI), often referred to as the 'headline' rate of inflation, insofar that it often captures temporary or even one-off effects arising from unusual circumstances.
To this end, they (in conjunction with the Australian Bureau of Statistics) produce various alternative measures of inflation that are designed to more accurately reflect the true rate of change of the overall price level. These 'underlying' measures are also used in conjunction with the headline rate in matters of interest rate setting by the RBA Board in their monthly meetings.
The compilation and reporting of these underlying measures of inflation took an interesting turn in the second quarter of 2006, when the quarterly headline inflation rate jumped to 1.6 per cent, taking the annual rate to 3.9 per cent. With public and media speculation increasing regarding the possibility of rising interest rates at a politically sensitive time, Prime Minister Howard and Treasurer Costello were quick to blame the CPI 'aberration' on significant price hikes in petrol and bananas.
1 Since the former was due to a bout of insurgency activity in the Middle East, and the latter mostly due to the effects of Cyclone Larry in North Queensland, these effects were assessed as being temporary. Nevertheless, Howard and Costello were very keen to soothe the concerns of heavily-indebted voters regarding interest rates.
In doing so, they often made reference to underlying inflation. Their argument was that since in the short-to-medium term, prices for bananas and petrol should return to their supposed normal levels, the increase in the CPI should return to the 2-3 per cent band within a few quarters. Meanwhile, the underlying rate (adjusting for these temporary effects), they said, was a more reflective measure of inflation, and should be given more attention. Political science may suggest that this argument is asymmetric in nature, since political leaders would presumably not be nearly as concerned if the headline CPI rate were below the lower bound of the target band.
Nevertheless, should the headline rate be accepted as the 'true' or at least representative rate of inflation (rightly or wrongly), then the simple fact remains that underlying rates involve manipulating (or at least filtering) the composition of components that are used to calculate the headline rate. When it comes to the issue of the manipulation of the series of any economic variable, there is a healthy debate on whether such manipulation distorts the underlying time-series properties of the data.
In fact, the debate on other forms of statistical agency manipulation, such as seasonal adjustment (for example) centres on not one, but numerous issues. Among these issues is the question of whether forecasting accuracy is affected adversely by the use of manipulated data to estimate the underlying forecasting model. This issue is just as relevant to the headline versus underlying inflation rate problem as it is for the seasonal adjustment problem.
This empirical study aims to go some way towards addressing the issue raised above.
To achieve this aim, this study necessitates the modelling and forecasting of headline inflation and various measures of underlying inflation. The chosen methodology for this purpose is the structural time-series approach of Harvey (1989) , which is modelbased. Here, out-of-sample forecasts (both one-period ahead and multi-period ahead)
are generated from the estimated general model such that the underlying inflation forecasts then have the volatility built back into them (via a simple process) for the purposes of comparability. Following that, numerous forecasting accuracy criteria (in terms of magnitude of errors) are evaluated to determine the relative suitability of headline and underlying inflation data to forecast the underlying model. This paper proceeds in the following manner: next, a short recount of the literature on headline and underlying inflation, as well as the effect of general transformation of data by statistical agencies on forecasting accuracy, is provided. Following that, the specification of the general model that can then be used for the purpose of modelbased seasonal adjustment is presented. This is the structural time series model suggested by Harvey. Subsequently, the results of the relative forecasting accuracy of the series are presented, along with a brief discussion. The paper concludes with some closing remarks.
Literature Review on Statistical Manipulation and Forecasting Accuracy
Similarly with respect to other aspects of the debate over manipulation of economic time series, the literature on forecasting possesses no shortage of contributions in relation to the effect of seasonal adjustment. Among the initial contributions were those of Makridakis and Hibon (1979) and Plosser (1979) , from which countless other papers have followed. Australian context, concluded that none of the underlying measured were satisfactory, largely on the basis that they improperly excluded useful information.
However, much of the literature is more sanguine about the use of underlying inflation in central bank decision making. Roberts (2005) found the underlying inflation measures to perform reasonably well according to the set criteria, and added that the measures can '…add value to the analysis' (p.28) of trends in inflation.
Furthermore, Brischetto and Richards (2006) affirmed this, finding that trimmed mean measures of inflation specifically outperformed both the headline and item exclusion methods, in terms of a signal-to-noise ratio approach.
In recent times, similar exercises in looking at forecasting accuracy have been evident. Stavrev (2006) used a generalised factor dynamic model for Euro-area data.
The forecasts from this method outperformed the trimmed mean, which in turn outperformed the permanent exclusion method. However, all of these individual methods were outperformed by a simple composite average of the three, hence reducing bias without a great loss of efficiency. Meanwhile, Camba-Mendez and
Kapetanios (2005) suggest that dynamic factor methods of underlying inflation are superior to traditional methods with respect to forecasting, since they have certain vagaries.
Of most relevance to this study, however, is the application to Australian data by Song (2005) , in which a more mechanical procedure than that used here is employed.
Song found that the various measures of underlying inflation had very similar forecasting ability to the headline measure, and that there was some (albeit weak)
evidence that one of the measures outperformed the headline rate in terms of forecasting. It is this study that the current paper intends to build on, to see whether a model-based approach to forecasting provides similar results to those obtained previously.
Specification and Estimation of Harvey's Structural Time Series Model
This section relates primarily to the econometric methodology utilised for estimating the various forecasting models. The structural time-series model of Harvey (1989) 
Equation (1) is restricted by
, meaning that the components cannot be correlated and the error term must be normally and independently distributed.
The trend component, representing the long-term movement of the series, is written in its most general form as a stochastic linear process, hence
Equations (3) and (4) Also of importance is the form of the cyclical component, which is assumed to follow a stationary linear process, and is represented as thus
For the purposes of allowing the cycle to be stochastic, a and b (the sensitivity parameters) are allowed to change over time. Establishing a recursion for constructing φ prior to introducing the stochastic elements ensures that there is no discontinuation of the series. By introducing disturbances and a damping factor, the following is obtained Additionally, of just as much consequence for this study is the form of the seasonal component. Of the number of specifications the seasonal component can take, the one employed in this study is the trigonometric specification (see Harvey, 1989 , Chapter 2; Koopman et al., 2000) . This specification is chosen because it allows for smooth changes in the seasonals. Hence 
where and .
The degree to which the various component evolve over time depends on the values of the variances , , , and , which are known as 'hyperparameters'.
To make numerical estimation easier, it is assumed that and .
These hyperparameters and the components can be estimated via maximum likelihood once the model has been written in a state space representation of equation (1).
In determining the optimal model for the various measures of inflation, a very general methodology is executed -that is, the most general model is estimated for all inflation measures, so that the model is directly comparable. Specifically, the version of the model that is estimated is one that includes a stochastic trend (stochastic level and stochastic slope), a trigonometric seasonal, the maximum three cycles and an irregular component. This combination corresponds to the default settings in the modelling software, STAMP 6.0 (Koopman, Harvey, Doornik and Shephard, 2000) . Since this model produces excellent fit, diagnostic and structural stability results, there is no need to experiment with alternative specifications. Further, imposing a general model on all measures of inflation ensures that there is no intention of implicitly 'favouring' some measures over others due to the fitting of a model that is more appropriate for any single measure.
Summary of Results
In examining the comparison of 'headline' and 'underlying' measures of inflation for forecasting accuracy, all of the empirical results presented in this study are produced on the basis of the following four Consumer Price Index (CPI) series. The 'headline' rate is the aggregate CPI measure for all 90 expense classes (in 11 different groups) and all cities (henceforth referred to as CPI). The first 'underlying' measure is the analogous CPI measure 'Excluding Volatile Items' (EVI), whereby the items under scrutiny (namely the group 'fruit and vegetables' and expense class 'automotive fuel', which are inherently volatile) are removed from the calculations. (1) R (see Koopman, Harvey, Doornik and Shephard, 1999) . Also reported is the standard error of the estimated equation, σ , calculated as the square root of the one-step-ahead prediction error variance.
The diagnostic tests include the Bowman and Shenton (1975) 
The presence of heteroscedasticity is also tested for, by the test, which follows an distribution (henceforth denoted as H). H is calculated as the ratio of the squares of the last h residuals to the squares of the first h residuals, where h is the closest integer to 
where is the autocorrelation coefficient of order j. The most conventional serial correlation test is also reported, the Durbin-Watson (DW) statistic, which can be defined as the ratio of the sum of squared differences in successive residuals to the residual sum of squares, or alternatively 
whereas the CUSUM test statistic, distributed as ( ) 
The results of the PF and CUSUM tests for the four models are displayed in table 1.
All three models pass the tests for structural stability, a good result considering the difficult nature of the out-of-sample period as discussed previously.
Finally, a comparison a overall model validity can be attained by looking at the Akaike (1973 Akaike ( , 1977 However, the raw forecast errors for the trended series (same notation again, but with a U superscript instead) need to be adjusted by building back in the volatility that has previously been removed by the various procedures used to calculate the underlying rate. If this correction is not made, then the two sets of forecasts are not comparable directly, because on the left-hand side of equation (1) 
From a quick visual inspection of figures 2 and 3, it does appear to be the case that the underlying rate price level series systematically underperforms the equivalent headline rate data for forecasting purposes, particularly so in the latter case.
Nevertheless, we look towards more formal statistical evidence for further indication.
The selected quantitative measures of forecasting accuracy are displayed in table 2.
The measures are as follows: (i) mean absolute error (MAE); (ii) sum of squared errors (SSE); (iii) root mean square error (RMSE); (iv) mean absolute percentage error (MAPE); and (v) Theil's inequality coefficient (TIC), which is simply the quotient of the root mean square error divided by the notional root mean square error from using naïve forecasts. Turning point or directional errors are not reported here, as they do not reveal much.
Starting with the one-period ahead forecasts, the various measures of forecasting accuracy are exposed in the top panel of table 2. It can be gleaned from this panel that the RMSE in particular (the benchmark measure) from each of the three underlying measures is quantitatively smaller than those derived from the headline rate.
Compared between the underlying measures, the RMSEs are roughly comparable, with WMD the smallest quantitatively of the three, followed by TMN then CEV.
These findings are reinforced unanimously by all of the other measures of forecasting accuracy. For multi-period ahead forecasts, as exhibited in the bottom panel of table 2, the same findings apply in terms of the underlying measures having quantitatively lower RMSEs than the headline rate, and the quantitative ordering of the three underlying measures. Furthermore, the quantitative differences between the four measures are more profound in the multi-step ahead case.
What is required at this stage, however, is a test of whether the differences in these RMSEs are statistically significant. In this endeavour, the Ashley et al. (1980) AGS test is applied to test for the difference of the RMSEs between the four models. By taking the models and comparing them in pairings, the AGS test requires the estimation of the linear regression 
S t t t t t t t t t (24)
Also, S is the mean of S, is defined as the out-of-sample error at t of the model with the higher (lower) RMSE, and
The estimates of 0 α and 1 α in equation (22) 
Conclusion
This study has attempted to cast some assertions regarding the suitability of using underlying measures of inflation compared with the more widely reported headline CPI, for the purposes of forecasting. The focus of this objective has been a comparative one, via the fitting of a general model and the adjustment of the forecast error series wherever necessary, in order to make the two sets of forecasts comparable in a direct sense. The usual quantitative measures of forecasting accuracy are considered here, whereby measured accuracy depends on the deviation of the forecasts from their realised values. Another feature of this paper is the use of both one-period ahead and multi-period ahead forecasts.
Taking the results of Song (2005) as a base, it is possible to conclude that the more flexible structural time-series approach advocated here provides the same conclusions in terms of the null hypothesis that using underlying rates of inflation does not adversely affect forecasting accuracy. However, the results here are more conclusive, insofar that strong evidence is found that, if anything, using underlying measures of the inflation rate actually improve forecasting accuracy. The results, however, are very different between the one-step and multi-step forecasts. For the former, in fact, it is very difficult to qualitatively separate between the three underlying measures considered, although for the latter, the evidence is more conclusive, indicating that the weighted mean measure outperforms both the trimmed mean and excluding volatile items measures.
More generally, the findings support the evidence of Moosa and Ripple (2000) and Lenten and Moosa (2007) , who both utilise a very similar methodology, insofar that the forecasting accuracy is not affected adversely by the use of data that has been manipulated by statistical agencies using common procedures. Therefore, these results amount to quite significant support of the manipulation of Australian inflation data by the ABS and RBA for reporting purposes, at least of the grounds of forecasting accuracy. (1.0000) 
